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Image Deblurring Network Based on Attention
Mechanism and Prompt Learning
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Abstract; To address the limitations of existing motion deblurring algorithms, such as poor edge restoration and tenden-
cy to produce blurry artifacts, an image deblurring network based on attention mechanism and prompt learning is proposed.
A feature fusion module is designed by combining the attention mechanism, which utilizes multi-scale information from differ-
ent layers to guide the network to focus on edge details, thus improving the quality of edge restoration. A lightweight prompt
module is introduced into the decoder to enhance the reconstruction ability of fuzzy region features by capturing the global
structure information of the image, of which two attention branches are used to reduce the amount of network parameters and
calculations. Experimental results demonstrate that the network performs excellently in quantitative evaluation metrics on
three public datasets, while maintaining competitive parameters and computational complexity. The proposed method effec-
tively restores edge details and reduces blurry artifacts.
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